Abstract: The genus Trichoderma acts as an important antagonist against phytopathogenic fungi. This paper proposes a software-based identification tool for recognition of different species of Trichoderma. The method uses the morphological features for identification. Morphological-based species recognition is common method for identifying fungi, but regarding the similarity of morphological features among different species, their manual identification is difficult, time-consuming and may bring about faulty results. In this paper it is intended to identify different species of Trichoderma by means of neural network. For this purpose, 14 characteristics are used including 5 macroscopic and 9 microscopic characteristics. After quantifying qualitative features and training a multilayer perceptron neural network with quantified data, 25 species of Trichoderma are recognized by using the network. Totally, identification of Trichoderma species as one useful fungus is achieved by using the trained network.
Introduction
The fungal genus Trichoderma (Ascomycetes, Hypocreales) is the most common saprophytic filamentous imperfect fungi that functions as a biocontrol agent for a wide range of economically important aerial and soilborne plant pathogens such as Fusarium, Pythium, Sclerotinia, Rhizoctoniaand Botrytis in crop plants [10, 2] . In addition, Trichoderma has been reported to be effective in promoting plant growth [12, 26] and to have the ability to resist against inducement in the plants [14] . Several strains of the genus Trichoderma are being tested as alternatives to chemical fungicides. The other role of these fungi is converting organic wastes and compost production. These fungi are also able to perform easily and fast the fermentation, decomposition of cellulose, hemicelluloses, lignin and are very useful in compost production [4] . Recently, Some Trichoderma species such as T. viride and T. koningi have been used in biosynthesis of silver nanoparticles and showed the antimicrobial activity in medicine [8, 37] .
Morphological characteristics and taxonomies of fungal species are useful for many purposes and can be served as useful tools for initial detection of species [30, 31] . As pointed out by many researchers, the major advantages of the morphological identification method are the general applicability of this method to all fungal taxon and its widespread use [36] . With the advent of molecular techniques, rapid progress in gene and genome sequences technologies, DNA based approaches are becoming as a gold standard technique for species recognition in fungi. However, the usefulness of morphological criteria for species recognition and morphological discrimination at species level is important for end users at agriculture, medicine and industry [31] .
It is important to identify Trichoderma as a particular fungus that potentially is used to eliminate a specific disease. For example, T. harzianum species has been detected to be very effective in controlling postharvest diseases such as Penicillium expansum Link [3] . Apparently, using other species in this case would be ineffective and exactness of the species should be ensured. Due to the ecological importance of Trichoderma, its application as a biocontrol agent in the field and human activity, it is important to identify its species in a precise and rapid way. Nevertheless, accurate species identification based on morphological characteristics which is manually performed by available identification keys is difficult task and time-consuming even for experts [10, 9] . In this paper, 25 species of Trichodermaare identified and distinguished using artificial neural networks. For this purpose, morphological data of these fungi will be used which is given in [7] .
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Related works
Common method for distinguishing fungi is a method which is called synoptic method. In this method, after extracting morphology characters, for identification of species, morphological characteristics are compared with validation identification keys. In [32, 33] , this method was used for identifying species of Trichoderma. In [5] , an approach was presented for recognizing various species of Phytophthora. This approach is a web-based identification which guides users to answer by progressively selecting existing states on the web. It is obvious that these approaches are not intelligent; thus in this paper an intelligent method is presented. For this purpose, neural network is utilized that has not already been used for recognizing fungi. In different fields, various works have been reported on classification by artificial neural networks (ANN). For example, in the agriculture, different methods have been employed for classification of wheat, barley, rice and tea seeds [16, 17, 19, 39] . Zapotoczny et al. used probabilistic ANN to classify 11 varieties of wheat (seven winter and four spring) varieties. At first, input data has been normalized to be within [−1,+1] interval and then divided into two groups including learning data and validation data. Subsequently, assuring stochastic nature of cases applied into the ANN, dataset was generated with specified states for each of the 11 investigated species. With this method, Zapotoczny could achieve classification accuracy of 100% in identification of the wheat varieties.
In the medical researches, applications of classification have been increased in clustering data for rapid diagnostic of illnesses. In diagnosing cardiac arrhythmia, disorders of cardiac rhythm, using the artificial neural networks as a tool, data obtained from human heart rate were firstly classified in two groups of normal and abnormal heart rates. After training ANN by learning data and testing it on the testing data, the network could be employed in diagnosis of the disease [6, 15, 27, 28, 29] . In this field, one can refer to a research conducted by Ozbaya et al. in 2001 where diagnosis of cardiac arrhythmia was done by using of artificial neural network architecture. Afterwards in 2006 they could make use of the network to classify 10 different rhythms for 92 patients (40 males and 52 females) by designing a multilayer perceptron ANN and fuzzy clustering neural network architecture. Then, diagnostic accuracy was increased from 97.8% in [27] to over 99% in [29] by combining the neural network and fuzzy technique with wavelet transform.
Zhu et al. proposed an artificial neural network for bacteria classification based on morphometric characteristics [40] . Essentially, manual bacteria classification is a tedious work and often needs abundant correlative data. In the network proposed by Zhu et al., bacteria's morphometric was applied to ANN as input and the network could classify bacteria.
Neural networks have also been employed for classifying proteins. Among most recent works, it can be referred to [25] and [38] . In [25] , the authors employed position specific scoring matrices and amino acid properties to provide a technique based on radial basis function networks for identification of efflux proteins. In [38] , a novel ab initio predictor of protein enzymatic class was presented. The predictor could classify proteins into one of six classes, only according to their sequences. The network was trained on a large database selected of over 6,000 non-redundant proteins.
Few papers have been published reporting application of neural networks in fungus classification. Nilson et al. used some spectrometry techniques followed by multivariate analysis and artificial neural networks for classification of species in the genus penicillium [18] . In [24] , an artificial neural network was trained based on morphometric data from spores of Pestalotiopsis spp.The network showed identification accuracy not more than 78.8% of a 16-species group and 67.7% of a 19-species group. In [33] , in order to classify mycelia of 26 fungal strains belonged to 24 different species, Fourier transform infrared spectroscopy was obtained and comparative artificial neural network analysis was performed. These works have employed combination of neural networks and other techniques for classification purposes. They have not achieved accuracy more than 80%. Moreover, identification of different species of Trichoderma -which is the subject of this paper -is more difficult than genus considered in abovementioned papers. This difficulty will be described in detail in next sections.
Problem description
Identification of fungi is usually done using one of the several well-illustrated dichotomous keys [1, 23] . Multi-access keys are very useful for biological agents, especially for non-specialists, as it eliminates necessity of detecting all of the fine descriptions usually found in dichotomous keys [23] . The disadvantages of those printed keys are that they require that the user is able to scan a series of tables of numbers and select those are best fitted to the specimen being examined [31, 34] . In this paper, morphological characteristics are employed for detecting 25 Trichoderma species. For this purpose, 14 characteristics those are common in Trichoderma identification keys, will be used. These characteristics include two categories: macroscopic and microscopic characteristics. The macroscopic characteristics include colony morphology, pigmentation and growth rates of cultures on PDA (Potato Dextrose Agar) medium at 25 o C after 3 days and Conidia forming time on Agar. Microscopic features include: color, surface, form, length and width of the conidia, shape of phialide, length of phialide, width of phialide at its widest sector and width of phialide's base. Fig. 1 illustrates phenotypic characters of two species of Trichoderma in which images A and D are related to colony appearance, images B and E are related to phialide shape, and finally images C and F are related to conidia shape [21] .
Identification of Trichoderma species based on phenotypic characters by matching these characteristics with valid identification keys is a time-consuming task and may produce inaccurate results when performing manually. As it is impossible to visualize 14 dimensional spaces, in order to graphically illustrate the issue, these species are shown in four 3-dimensional diagrams. In each diagram, each point denotes three different characteristics regardless to other 11 ones. In Fig. 2(a) , points are shown in terms of Agar paint, width at the widest sector of the phialide and length of conidia. In Fig. 2(b) shape of phialide, length of phialide and growth rates of colony after three days are selected to show the points. Fig. 2 (c) includes width of conidia, shape of conidia and colony morphology as axes of the diagram. Finally, Fig. 2(d) shows width of phialide's base, conidia color and surface of conidia. From these figures, it is obvious that the Trichoderma species are very close to each other in characteristics space. Hence, it is very difficult to visually identify them and make an effective classification.
In this paper, it is attempted to identify Trichoderma species by designing a multilayer perceptron network and training it. This network is able to recognize and identify the species of this fungal genus in about a few tenths of a second by just using the morphological characteristics 
Artificial neural network design for recognition of Trichoderma
In this section, after explaining neural network structure, qualitative characteristics will be quantified and dataset will be applied to the neural network.
Structure selection of the network
The network used for identifying fungus is a MLP (multilayer perceptron). Fig. 3 shows overall structure of the neural network. The network includes three layers: input layer, hidden layer and output layer. According to [11] , one hidden layer is enough for solving classification problems by using artificial neural network. Hence, one layer was selected as hidden layer. In this paper, number of cells in input layer is 14 (according to 14 characteristics used for identification of Trichoderma), number of cells in output layer cells is 25 cells (according to 25 fungal species) and 20 neurons were selected in hidden layer. This number was selected by investigating network for different hidden neurons from 1 to 25 neurons. Fig. 4 shows mean square error of the network in terms of number of neurons in hidden layer. It is obvious that optimum number for hidden neurons is 20. Back propagation algorithm was used for training the network where real outputs are compared with desired outputs and weights are adjusted according to error propagated back in the network. For p-th input pattern, error reference for all cells of output layer of the network is given by
where t p j is target output for p-th input in j-th cell of the output layer, a p j is produced real output for p-th input in j-th cell of the output layer and s 1 is length of output vector. Overall error for p models is obtained by Weights are adjusted by gradient method to reduce cost function E to minimum value. Rule of weight updating is given by
where ∆w ij (t) is equal to − ∂Ep ∂w ij(t)
, η is learning rate which is selected in the range from 0.2 to 0.8, α is instantaneous coefficient, w ij (t + 1) is new weight, and w ij (t) is old weight. Bias vector is updated by
where ∆b j (t) is equal to − ∂Ep ∂bj (t) , b j (t + 1) is new bias, and b j (t) is old bias. Weights and biases are updated by Eqs. (3) and (4). Training process is stopped when overall error becomes smaller than a pre-specified threshold value or maximum number of training epochs is reached [13] .
Designing of the network
In order to identify different species of Trichoderma, aforementioned MLP neural network should be trained using morphological characteristics. To this end, qualitative characteristics of the fungus should be quantified, first. Among the 
Target species, those are applied as desired outputs to the network, are also sorted in two first columns of Tab. VI. The artificial neural network has 25 outputs corresponding to 25 species. In a well-trained network, if input data are matched to i-th species, then i-th output must be 1 (fired) and other outputs must be −1 (unfired). In training stage, this implication is exploited to determine desired output for any given input data. However, in validation stage where some unseen inputs are applied, outputs of the network would not be exactly 1 or −1. The justification is proximity of characteristics of different species as it was explained in Section 3. After training, when features of an unknown fungus are applied to input of a network, a membership degree between −1 and 1 is generated at each output node. Maximum value of these membership functions, which is expected to be near 1, will be interpreted as the species that the input data is more likely to belong to it. In training process, initial weights of each layer are randomly selected and then tuned by back-propagation algorithm. After completing training process of neural network, weights remain fixed and the network is ready to be validated. After validation, the network can start its function mode and can be used as classification tool. Tab. V Label of Surface of conidia.
Form of the colony Label
To design the network, 250 datasets (10 data sets for each species) are used which obtained from [7] . Among these 250 data, 60% of data sets are used for training network, 20% of datasets are used for network validation and remaining 20% are used for network testing.
Classification results
After designing network, it is required that the network is trained and tested by some dataset. In this section, the performance of the trained network is examined by two case studies.
Training network
While the artificial neural network is being trained, network weights and biases are updated at each time step. Training is continued until mean squared error (MSE) of the network is reduced to a threshold value. In order to avoid over-fitting in training, this threshold is selected to be MSE of validation datasets. As it can be seen in Fig. 5 , MSE starts from a large value in the first epoch and decreases gradually. It means that network training process is in progress. The best network performance for validation datasets is obtained in epoch 10 with MSE of 0.01033. From Figs. 6(a), 6(b), 6(c) it can be seen that for training, validation and testing data, regression accuracy are 91.699%, 85.596%, 87.645%, respectively. Fig. 6(d) shows the regression accuracy of the network for all data is equal to 90.174%.
Network test
As explained earlier, in output layer of the neural network, a membership between [−1, +1] is generated for each input dataset. After training network, input data is applied to the network to investigate these values. Fig. 7 shows the diagram of the values that the neural network has assigned as membership degree to 250 input data. For each data in this figure, only one membership degree is close to 1. Maps of these points are shown on the lower plan in red. Corresponding values, assigned to 250 input data, are also shown in Tab. VI illustrating that which input data corresponds to which class. As it can be seen the neural network could properly distinguish most of species by assigning their membership degree and it could identify input data with high accuracy.
Case studies
As two case studies, two species of Trichoderma of Fig. 1 were selected and the trained neural network was employed to identify them. Morphological characteristics of these two species were applied as input to the neural network and checked if the network could recognize them.
Case 1: In Fig. 1 , morphological characteristics for the species in the top (subfigures A, B, C) are as the sequel:
• Radius of the colony after 3 days is 65mm.
• Colonies are somewhat cottony after 1 week (quantified as 12).
• Conidia are produced frequently and distributed in environment after 4 days; rear side of the colony is yellowish (quantified as 2).
• Phialides are ampulliform (quantified as 2), their length is 3.6−8µ m, their width at the widest point is 2.4−3.6, and their width at the base is 1.2−2.7µm.
Conidia are subglobose to ovoidal (quantified as 5), their surface is smooth (quantified as 1) and green (quantified as 6), their length is 2.3−3.4µm, and their width is 2−2.5µm. Then, for this species the input vector is created as Tab. VI Maximum membership degree for 250 species of Trichoderma generated by the neural network.
Case 2: In the same way, morphological characteristics for the species in the bottom of Fig. 1 (subfigures E, F, G) are as the following:
• Radius of the colony after 3 days is 43 mm.
• Colonies are floccose with effuse conidiation after 1 week (quantified as 16).
• Conidia are produced frequently, distributed in environment after 1 week, and rear side of the colony is yellow (quantified as 4).
• Phialides are ampulliform (quantified as 2), their length is 5.5−12.5µm, their width at the widest point is 2.7−5, and width at the base is 1.7−2.5µm.
• Conidia has smooth (quantified as 1) and green surface (quantified as 6), they are in subglobose form (quantified as 2), their length is 3.6−5.6µm, and their width is 3−4µm.
Then, for this species, the input vector is created as 
After quantifying and creating input vectors, the data was applied to the neural network and membership degrees were generated by the network. These amounts are given numerically in Tab. VII. Maximum membership degree for species 1 (species in the top of Fig. 1 ) belongs to T. harzianum and maximum membership degree for species 2 (species in the bottom of Fig. 1 ) belongs to T. virens. By accommodating morphological characteristics with existing valid keys, it can be concluded that the network recognition for these species is correct.
Conclusions
Trichoderma species are important fungus in biological control of fungal plant disease and have crucial role in plant growth promotion. They also have several applications in industries. In the most of applications, it is important to distinguish among different species of Trichoderma and identify them. However, because of high number of species and their very similar morphological characteristics, manually distinguishing and identifying Trichoderma species is very difficult and time consuming.
In this paper, a multilayer perceptron neural network was trained by means of error back propagation algorithm in a supervisory approach to identify Trichoderma species. After training, the network could distinguish and identify 25 species. Statistical and validation analysis performed on 250 validation data and the results showed that the trained network exhibits accuracy of 100% in classification and accuracy of 90.174% in regression. As a case study, two species were considered and their data were quantified and applied to the network and it was shown that the network could successfully distinguish them.
